Abstract-Excessive water production in oil fields is a challenging problem affecting oil production and entailing high handling and disposing costs as well as environmental issues. Accurate and timely diagnosis of the water production problem will significantly increase the success of the remedial actions taken. The traditional approaches in production data analysis by means of empirical techniques for proper diagnosis of water production mechanisms are still debatable. This paper presents a novel approach in water production problem identification using data mining techniques for production data analysis. The data used in this approach are water-oil ratio and some reservoir knowledge. New parameters used to identify two common types of water production mechanisms, i.e. water coning and channeling, are developed, and tree based ensemble classifiers are used for diagnosis. Our results demonstrate the applicability of this technique in successful diagnosis of water production problems.
INTRODUCTION
Excessive water production is a common and challenging economical and environmental problem in petroleum production operations [1] . Water production is inevitable in most oil wells because the water from an injection well or an active aquifer is required to provide reservoir pressure support and to sweep the reservoir oil into the wellbore. Water may also be produced into the wellbore commingled with oil, at a rate below the economic water-oil ratio (WOR) limit, which may not be reduced or shut off without affecting the oil production. This is the so-called "sweep" and "good" water as described in [1] . However, a water production rate exceeding the economic WOR limit or a sudden outburst of water in to the oil well indicates a problem and requires immediate attention. The water production mechanism must be properly investigated and accurately diagnosed in order to design an appropriate and effective treatment method [2] . Incorrect, inadequate, or lack of proper diagnosis usually leads to ineffective water control treatments that cost a lot of time and money.
Production data analysis by means of diagnostic plots such as decline curve plots, and WOR versus cumulative oil production or time is a widely explored subject in the literature [3] [4] [5] . Typically, these plots have been used in determining whether the well is experiencing or likely to experience water production problem. For example, different trends of log/log plots of WOR and derivative of WOR against time were suggested by Chan [6] to be a tool for identifying water production problems. Yortsos [7] motivated by Chan's work provided numerically generated type curves for different time/flow regimes and suggested that the WOR versus time plot can be a valuable diagnostic tool. On the contrary, as further studied by Seright [8] , the WOR diagnostics plots do not always work and could easily be misinterpreted and should therefore not be used alone for identifying mechanisms for excessive water production. Our observations on the generated synthetic models discussed below support the inadequacy of WOR diagnostic plots.
Various well logging techniques have also been developed that can be used in evaluating and predicting the water production mechanism. While they are vital tools in well and reservoir surveillance, their application during production is to some extent limiting. The logging instruments can be expensive and sometimes require shutting the well during logging which consequently affects the production rate and revenue. They could also entail costly and time-consuming log analysis and interpretation.
In view of the fact that water and oil production rates are the most commonly available data and that the WOR diagnostic plots are widely used for investigating water 978-1-4244-4507-3/09/$25.00 ©2009 IEEE production problems in the oil industry, we aim to investigate the feasibility of the application of data mining techniques and statistical classifications in identifying water production problems. Production data are routinely collected and accuracy of these data is usually reliable as most governmental regulatory agencies require accurate reporting of these values and also because these data represent revenue for oil companies. In this work, we introduce a novel approach in applying WOR data for discriminating excess water production problems in oil wells using ensemble classifiers such as bagging [9] and boosting [10] . Our results demonstrate the feasibility of these techniques in identifying water production problems, while they yield comparable results.
II. DATA GENERATION AND METHODOLOGY

A. Test Models
Synthetic reservoir models for two common types of water production problems, namely water coning and channeling, were built as the test cases. They were simulated using commercial reservoir simulation software (Roxar's Tempest-MORE 6.4 simulator) to obtain the well production data sets for analyses. Water coning occurs when the water/oil contact (WOC) locally rises toward the completed interval of a well that normally produces from an oil column lying on top of an active aquifer. Our first simulated coning model is similar to the coning model of Seright [8] , except for the PVT (pressure, volume, temperature) properties, the relative permeability, the reservoir depth and the grid dimensions (Fig. 1) . The second coning model simulates an inclined reservoir. The second coning model has an inclined reservoir with an edge aquifer drive, where a nonsymmetrical water cone is formed during production.
Water channeling is common when high permeability layers or fractures allow early water breakthrough during waterflooding [8] . Two channeling models were built, one for simulating the waterflooding behavior between a pair of water injector and oil producer and one for an edge water drive mechanism (Fig. 2) .
B. Data Set Generation
The above test models were simulated by varying the input parameters of relative permeability (3 levels based on 3 wettability scenarios), the oil API (a measure of the oil density for 2 levels of lighter and heavier crude oil), Kv/Kh (the vertical to horizontal permeability for 2 levels) and the initial oil production rate in pore volume (2 levels). A total of 96 models of water coning and channeling were simulated, and the production data, i.e. WOR, and some reservoir characteristics were used in the analyses.
C. Ensemble Methods
Ensemble classifiers are aggregations of several classifiers whose individual predictions are combined in some manner (e.g., averaging or voting) to form a final prediction. Because they use all the available classifier information, ensembles generally provide better and/or more robust solutions in most applications [11] . In bagging (Bootstrap Aggregating), multiple sample classifiers are trained independently via a bootstrap method and then are aggregated by an appropriate combination strategy [9] . Boosting [10] is based on the hypothesis that combining less accurate or weak rules could produce a more accurate prediction rule. The final classifier is a weighted vote of the individual classifiers. 
D. Feature Selection
The WOR data was plotted against displaced oil pore volume (PV), and heuristic studies on these plots demonstrated that some pilot points representing useful characteristics of the WOR data could be extracted by segmenting these plots at certain points (Fig. 3) . These points are denoted as PV WOR(0.1 to 50) , e.g. PV WOR0.1 represents the value of PV at WOR = 0.1. The PV values below the point of WOR = 0.1 are too small to yield any helpful information and hence were discarded. The cut off value point is at WOR equal to 50, which represents 98% water cut. A total of 15 PV WOR variables were selected in this manner as predictor variables. The ANOVA (Analysis of Variance) technique was used to assess the significance of the chosen variables with respect to identifying water production mechanism/problem type (i.e., water conning or channeling). The analysis was performed for each chosen variable and based on -5% level of significance, relationships between these predictor variables and types of water production problems were demonstrated. The hypothesis that composite relationships between chosen variables (e.g. PV WOR0.1 +PV WOR0.5 ) might offer more accuracy than individual variables was also investigated and results are discussed later.
E. Accuracy Evaluation
Due to unavailability of additional datasets, a ten-fold cross validation technique [12] was used to evaluate the efficiency of the applied bagging and boosting classifiers. The dataset was divided into ten non-overlapping subsets of roughly equal size, each used once as a test set. Nine subsets were used as training sets and the left out subset was applied for testing.
III. RESULTS AND DISCUSSION
Bagging and boosting classifiers together with cross validations were performed on the generated dataset using [R] software [13] . The performance of each classifier was evaluated using the percentage of accurate predictions. As shown in Fig. 4 , the overall accuracy of both techniques are relatively good and comparable, with boosting showing slightly better performance. In water production problem investigations, it is vital to be able to diagnose the problem at early stages of the problem forming. Our results demonstrate that these techniques can effectively predict and diagnose the type of the problem as early as WOR ratio of 0.1 or 9% water cut, which means remedial actions could be taken before reaching a critical state.
The lowest accuracy result obtained in our classifications is at PV WOR50 or at 98% water cut which is in fact well out of the acceptable range of water cut. A possible explanation for the lower accuracy rate at higher WOR values is the behavior of WOR plots as shown in Fig.3 . As the water production rate increases, the WOR plots for coning and channeling cases tend to overlap and it gets more difficult to separate one from another. In channeling cases, this is when all layers have been depleted and for coning cases, this happens when the water cone has broken in to the well and the well is producing mainly bottom water. Further to the above variables a number of principal variables (i.e. reservoir characteristics such as API, Kv/Kh, wettability and flow rate) were also assigned as predictor variables and their effect in classification accuracy was investigated. At this stage, including these additional variables is not improving the performance of the classification model. Accumulation of further data in future may change our finding on the impact of these principal variables.
A. Composite Features
To explore the hypothesis of composite variables, classification process using these composite features as predictor variables, was repeated 14 times, each time adding the next individual predictor variable chosen to the set of predictor variables (i.e. first composite variable comprises of variables PV WOR0.1 and PV WOR0.5 , second composite variable comprises of three variables namely PV WOR0.1 , PV WOR0.5 and PV WOR1 , etc.) These composite features are denoted as Comp1 to Comp14 in the summary of the results graph (Fig. 5) Figure 5 . Comparison of accuracy rate between bagging and boosting for composite features
As shown in this figure, this simple procedure significantly improved the quality of classification at each stage, even at later stages. In all cases the results of bagging and boosting are compareable and therefore, either methods can be used. In addition the final prediction models is easy to implement in new problems
IV. CONCLUSION
The purpose of this study was to investigate the applicability of WOR data in diagnosing water production problem. Ensemble classification techniques were applied to the dataset generated using synthetic test models to classify two common water production problems in oil reservoirs. A number of featured WOR values were utilized to establish whether monitoring WOR changes could facilitate prediction and prevention of excess water production in oil wells.
The findings reported here establish that WOR values could in fact be successfully used in differentiating excess water production problems, even when other reservoir parameters are unknown or inaccessible. The results from the classification techniques were very promising and show that WOR monitoring could also help in predicting the type of the water production mechanisms and remedial actions could be taken accordingly.
These findings are very important as water and oil productions rate are sometimes the only real-time data available to oil field operators. These data are easy to retrieve but proper quality control is required. Based on our findings, WOR data seem to have the potential to be used as a preliminary diagnosing indicator in water control decision-making procedures.
